I.. Introduction {#sec1}
================

Pulmonary or chest computed tomography (CT) images have been used for a variety of purposes, such as lung parenchyma density analysis [@ref1], [@ref2], airway analysis [@ref3], [@ref4], diaphragm mechanics analysis [@ref5], [@ref6] and nodule detection for cancer screening [@ref7]. Recently, with the aid of computing technology, it has become feasible to conduct automatic quantitative analyses. In addition, collaboration among engineers, clinicians, and data scientists has led to the development of accurate automated screening programs for clinical use. Lung segmentation, a step required prior to chest CT imaging analysis, is a crucial starting point for all lung-related quantitative analysis. For instance, in pulmonary nodule detection, when lung segmentation fails to correctly define the borders of the lungs, the nodules outside the borders are missed. One study [@ref8] reported that a computer-aided detection system missed 17% of all true nodules due to erroneous lung segmentations. Thus, an algorithm for automatic and accurate lung segmentation is required.

A large amount of research has been carried out on the topic of lung segmentation in chest CT scans. One of the most common conventional techniques for segmenting lung images is a thresholding approach [@ref9]--[@ref10][@ref11][@ref12], wherein the natural contrast between the low-density lungs and the surrounding high-density chest wall is used for lung segmentation. This approach segments the lung image by identifying large differences in attenuation between the lung parenchyma and the surrounding tissue. Another conventional approach is region growing-based lung image segmentation, which is a type of pixel-based segmentation involving the selection of initial seed points. This approach examines the neighboring pixels of initial seed points and determines whether these pixels are within the target region [@ref8], [@ref13], [@ref14]. In addition, more advanced imaging processing techniques have been proposed, including the deformable model [@ref15]--[@ref16][@ref17], pattern classification [@ref18], [@ref19], rolling ball [@ref8], graph cut-based methods [@ref20]--[@ref21][@ref22][@ref23] and Atlas-based methods [@ref14], [@ref24]--[@ref25][@ref26], all of which generated robust and accurate results. However, most methods are still limited in their ability to accurately differentiate the surrounding tissue from juxta-pleural nodules, which are attached to the walls of the lung. In some cases, the nodules have the same intensity values as the surrounding tissue [@ref27]. Thus, juxta-pleural nodule detection is one of the most challenging issues in lung segmentation.

Recently, much effort has been directed at detecting the juxta-pleural detection [@ref28]--[@ref29][@ref30]. In [@ref28], the juxta-pleural nodule was detected by skin boundary detection followed by rough segmentation of lung contour and pulmonary parenchyma refinement. In [@ref29], the initial lung volume segmentation was performed by CV model. Then, non-nodules candidates such as small blood vessels were filtered out using a multiscale Laplacian-of-Gaussian filtering. In [@ref30], intuitionistic fuzzy energy was incorporated into length regularization term of region-based level set method, which resolved the boundary leakage. The all methods provided accurate detection results with the slice by slice processing. However, the performance was limited in the case of the blurred juxta-pleural nodules, which is an inherent limitation. In our work, based on the spatially sliced images from top to bottom, we exploited a Bayesian approach, which predicts and updates lung contour from previously estimated contour.

We first initially used the Chan--Vese (CV) model for active contours. The CV model is a powerful and flexible method that is able to segment many types of images. This model is based on the Mumford--Shah function [@ref31] for segmentation, which has been used widely in the medical imaging field, especially for the segmentation of the brain, heart, and trachea [@ref32]--[@ref33][@ref34][@ref35]. While many segmentation methods rely heavily in some way on edge detection, the CV model ignores edges completely. Instead, the method optimally fits a two-phase piecewise constant model to the given image by implicitly representing segmentation boundary with a level set function. It allows the segmentation to handle topological changes more easily than snake methods or other edge detection methods. It also uses the global image information without depending on gradient, which results in better management of image segmentation problems such as strong noise and edge blurs. In addition, it can be applied to images whose gradients are either significant or insignificant; thus, it is suitable for images whose boundaries are either smooth or discontinuous [@ref36]. The CV model was previously evaluated for lung segmentation and found to outperform conventional methods [@ref32], [@ref33], [@ref37].

Nevertheless, the juxta-pleural nodule issue has yet to be resolved [@ref34]. To address this issue, we adopted a Bayesian approach based on the CV model results, which predicts the lung image based on the segmented lung contours in the previous frame image or neighboring upper frame image. Note that the frames represent sequential chest CT images "slices" from top to bottom. This approach is based on the assumption that the lung contour is slightly and uniformly expanded or contracted over frames, while the juxta-pleural nodules have a consistent appearance regardless of the pattern of lung contour changes. Based on our Bayesian approach, we predicted and updated the lung contour over multiple frames. Then, we extracted the difference image by comparing the results from the Bayesian approach and the CV model. Here, each separated group in the difference image corresponds to a juxta-pleural nodule candidate. Finally, we investigated whether the separated groups in the difference image comprised juxta-pleural nodules or portions of the lung wall using concave point detection and circle/ellipse Hough transform. We evaluated the performance of our proposed method by comparing it with the CV model [@ref29], the normalized and modified CV (NM-CV) method [@ref38], [@ref39], and the snake model [@ref40].

The main contributions of this study are: •We proposed a Bayesian approach for automatic juxta-pleural nodule identification in the lung segmentation stage from chest CT scans.•We presented a concave point detection and circle/ellipse Hough transform to minimize false positives.•We tested our proposed method from 16,873 images (84 subjects). Among the images, 314 images included juxta-plerual nodules.•We further validated the method from different databases, which included 1,766 images in total. Among the images, 125 included juxta-pleural nodules.•We presented the extension capability that accurate lung contour segmentation results can be provided from any global contour results by applying to our proposed method framework.

II.. Methods {#sec2}
============

A.. Collection of Chest CT Images {#sec2a}
---------------------------------

In the present study, we evaluated our proposed method using chest CT scans from Wonkwang University Hospital (WKUH). For the clinical data, we collected chest CT digital imaging and communications in medicine (DICOM) images of 84 anonymous subjects, including 42 subjects with juxta-pleural nodules. Each scan included 150 to 215 image frames, and there were 16,873 images in total. Among the images, 314 included juxta-pleural nodules. The images were acquired at WKUH using a multiple detector computed tomography (MDCT) scanner (Somatom Sensation 16, Siemens, Erlangen, Germany; X-ray tube voltage: 100--120 kV; tube current: 80--328 mA; pixel length: 0.56--0.79 mm). The thickness of each slice was 5.0 mm. The WKUH Institutional Review Board approved the collection and analysis of the imaging data. To evaluate the performance of the model, "gold standard" lung contours were obtained from six trained radiologists. Initially, four trained radiologists drew the contours, and another two trained radiologists confirmed them.

B.. Global Lung Contour Extraction With the Chan-Vese Model {#sec2b}
-----------------------------------------------------------

To segment the lung contour, we first applied the CV model to chest CT images. Let $\documentclass[12pt]{minimal}
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After applying with the CV model on the chest CT image, the nodules or vessels inside the lung parenchyma are also segmented. To separate them from the lung contour, we selected the two longest contours, which correspond to left and right lungs. [Fig. 1](#fig1){ref-type="fig"} shows the CV model-based lung segmentation results from four chest CT images. For the CV model-based lung segmentation, we chose the generally used parameters of $\documentclass[12pt]{minimal}
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\end{document}$ increases, the results tend to be roughly segmented. All of the parameters were applied to the entire images in this paper. FIGURE 1.Lung segmentation results using Chan--Vese (CV) model. (a) and (b) Most lung contours can be accurately segmented. (c) A correct segmentation results in the presence of a juxta-pleural nodule. (d) An incorrect segmentation results in the presence of a juxta-pleural nodule; The incorrect part is pointed by an arrow.

The CV model method provided mostly accurate lung wall segmentation results, as shown in [Figs. 1(a) to (c)](#fig1){ref-type="fig"}. In particular, in [Fig. 1(c)](#fig1){ref-type="fig"}, the juxta-pleural nodule is included within the segmented lung contour. On the other hand, in [Fig. 1(d)](#fig1){ref-type="fig"}, the juxta-pleural nodule is outside the segmented lung contour. This is because the pixel intensities of the juxta-pleural nodule and the adjacent surrounding tissue nearly overlap. The juxta-pleural nodule outside the lung contour ultimately results in missed nodules and incorrect quantitative analyses. In the following subsections, we adopted a Bayesian approach to minimize this juxta-pleural nodule issue.

C.. A Bayesian Approach to Juxta-Pleural Nodule Candidate Detection {#sec2c}
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In the update stage in [(13)](#deqn13){ref-type="disp-formula"}, the measurement vector $\documentclass[12pt]{minimal}
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### 2). Update Stage {#sec2c2}
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D.. Elimination of False Positives {#sec2d}
----------------------------------

For classifying the nodule candidates as true nodules or false positives, we first investigated whether each candidate contour included any concave point from the center point of $\documentclass[12pt]{minimal}
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\end{document}$ computation examples for the concave point declaration based on the results of [Fig. 2(f)](#fig2){ref-type="fig"}. In the example, the point $\documentclass[12pt]{minimal}
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\end{document}$ from the false positive (bottom left) is declared to be a non-concave point. [Fig. 3(c)](#fig3){ref-type="fig"} shows the detected concave points with red dots on $\documentclass[12pt]{minimal}
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\end{document}$. More specifically, [Fig. 3(d)](#fig3){ref-type="fig"} shows the detected concave points on the juxta-pleural nodule candidate contours. Finally, only the nodule candidates including concave points remained, as shown in [Fig. 3(e)](#fig3){ref-type="fig"}. FIGURE 3.(a) Calculation of the included angle $\documentclass[12pt]{minimal}
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\end{document}$ computation examples for the concave point declaration based on the results of [Fig. 2(f)](#fig2){ref-type="fig"}. (c) Detected concave points with red dots on $\documentclass[12pt]{minimal}
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\end{document}$. (d) Detected concave points on the juxta-pleural nodule candidate contours, and (e) the remaining nodule candidates that included any concave point.

In the last step, we found the circle/ellipse shape segments among the remaining nodule candidates. For circle/ellipse shape detection, we used a circular Hough transform [@ref44]. We computed the circle/ellipse similarity metric $\documentclass[12pt]{minimal}
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\end{document}$, which was optimized using the receiver operating characteristic (ROC) curve as detailed in the Results section. [Fig. 4(a)](#fig4){ref-type="fig"} shows the similarity metric $\documentclass[12pt]{minimal}
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\end{document}$ as shown in [Fig. 4(c)](#fig4){ref-type="fig"}. Then, the lung contour was finally modified by adding the nodule candidates to the area *inside* $\documentclass[12pt]{minimal}
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E.. Performance Evaluation {#sec2e}
--------------------------

The performance of our proposed method was evaluated using five metrics: the disc similarity coefficient (DSC), modified Hausdorff distance (MHD), sensitivity, specificity, and accuracy. To compute the five metrics, we first calculated the true positive (TP), false positive (FP), true negative (TN), and false negative (FN) values. TP (FP) is the number of positive pixels labeled correctly (incorrectly). TN (FN) is the number of negative pixels labeled correctly (incorrectly). We used an example to quantize the parameters in [Fig. 5](#fig5){ref-type="fig"}. In [Fig. 5 (a)](#fig5){ref-type="fig"}, the gold standard contour (purple) and the estimated contour (blue) are shown, and the corresponding TP, FP, TN, and FN are shown in [Fig. 5(b)](#fig5){ref-type="fig"}. Each estimated contour was evaluated with each gold standard contour for all images. FIGURE 5.(a) Example of the gold standard contour (purple) and estimated contour (blue), and (b) the corresponding true positive (TP), true negative (TN), false positive (FP), and false negative (FN).

Based on the four parameters, the DSC can be calculated as $$\documentclass[12pt]{minimal}
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The DSC is the most commonly used metric for determining the segmentation of false positives and false negatives. It is a statistical approach used to compare the similarity of two data sets, which we used to determine the similarity between the estimated contour and the gold standard. The DSC value ranges between 0 and 1, where 0 means that there is no similarity and 1 means that there is perfect similarity. The MHD measures how far two subsets of a metric space are from each other. It computes the forward and reverse distances and outputs the minimum of both [@ref37]. The other metrics of sensitivity, specificity, and accuracy were calculated as $$\documentclass[12pt]{minimal}
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To evaluate our proposed method, we implemented the CV model [@ref29], the normalized CV (NM-CV) model [@ref38], [@ref39], and the snake algorithm [@ref40], and compared the results with those of our proposed method, based on chest CT images including juxta-pleural nodules ($\documentclass[12pt]{minimal}
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To assess significant differences, we performed one-way analysis of variance (ANOVA) tests with Bonferroni corrections for multiple comparisons ($\documentclass[12pt]{minimal}
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The Matlab codes of our proposed method is available online both at <https://sites.google.com/site/bamilab/sourcecodes/lung-segmentation> and <https://github.com/HeewonChung92/LungSegmentation>.

III.. Result {#sec3}
============
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We computed the circle/ellipse similarity metric $\documentclass[12pt]{minimal}
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\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$S$
\end{document}$. For the ROC evaluation, we found the values for TP, TN, FP, and FN, and then calculated the sensitivity, specificity, and accuracy. The best accuracy was found to be 0.9442 with $\documentclass[12pt]{minimal}
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\end{document}$, which is also the closest to the upper left corner ([Fig. 6](#fig6){ref-type="fig"}). FIGURE 6.Receiver operating curve (ROC) curve with 1 minus specificity versus sensitivity in 0.01 increments from 0 to 1.

B.. Performance Evaluation and Comparison {#sec3b}
-----------------------------------------

[Fig. 7](#fig7){ref-type="fig"} shows several examples of lung segmentation results using our proposed method (rightmost panels) compared with the CV model (leftmost panels), NM-CV model (second left panels) and snake algorithm (second right panels). The juxta-pleural nodules resulted in incorrect lung segmentation for the CV model, NM-CV model, and snake algorithm. On the other hand, our proposed method correctly segmented the lung, including juxta-pleural nodules within the lung contour area. For example, in [Fig. 7(a)](#fig7){ref-type="fig"}, the juxta-pleural nodule has similar intensity values compared with the surrounding tissue. The CV model, NM-CV model, and snake algorithm generated contours that excluded the nodules. Similar results can be observed in other conventional approaches, such as thresholding and region growing. FIGURE 7.Performance comparison for juxta-pleural nodules: (top left) the CV model, (top right) normalized modified Chan--Vese (NM-CV) model, (bottom left) the snake algorithm, and (bottom right) our proposed method. The performance comparison shown from (a) through (h) includes several juxta-pleural nodule cases.
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\end{document}$ as shown in the rightmost panel of [Fig. 7(a)](#fig7){ref-type="fig"}. [Figs. 7(b)](#fig7){ref-type="fig"} through (h) also show that our proposed method detected juxta-pleural nodules and correctly segmented lung contours. Therefore, using the combination of the CV model and the Bayesian approach, we achieved accurate lung segmentation and successfully detected juxta-pleural nodules.

To further evaluate our proposed method, we compared the results from the CV model, NM-CV model, the snake algorithm and our proposed method on the CT images that included juxta-pleural nodules ($\documentclass[12pt]{minimal}
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\end{document}$ percentiles, respectively, and the circle indicates the median value. Regarding the DSC, our proposed method provided the highest DSC mean value (0.9712), while the CV model, NM-CV model, and the snake algorithm provided mean values of 0.8410, 0.8428, and 0.8198, respectively. Our proposed method provided the lowest MHD mean value (0.4504), while the CV model, NM-CV model, and the snake algorithm provided mean values of 2.1727, 2.1486, and 2.2573, respectively. Our proposed method also provided the highest sensitivity value, 0.9711, while the CV model, NM-CV model, and the snake algorithm provided values of 0.0.7366, 0.7389, and 0.7040, respectively. Regarding accuracy, our proposed method also provided the highest value, 0.9667, while the CV model, NM-CV model and the snake algorithm provided values of 0.8050, 0.8072, and 0.7843, respectively. All of the above results were statistically significant. On the other hand, in our proposed method, the mean specificity value was 0.9637, which was slightly lower than that provided by the other methods. However, the difference was not statistically significant. Furthermore, using our proposed method we could detect 96% of the juxta-pleural nodules and correctly modify the lung contour; conversely, the CV method, NM-CV model, and snake algorithm could detect only 11%, 14%, and 9% of the juxta-pleural nodules, respectively. [Table 1](#table1){ref-type="table"} summarizes the results of our comparisons.TABLE 1Comparison of the Performance of the Four Methods on CT Images That Included Juxta-Pleural Nodule ($\documentclass[12pt]{minimal}
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Finally, we performed our proposed method on all chest CT images ($\documentclass[12pt]{minimal}
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\end{document}$). [Table 2](#table2){ref-type="table"} summarizes the performance of all models in terms of the DSC, MHD, sensitivity, specificity, and accuracy. Our proposed method provided the highest mean DSC value (0.9709), while the CV model, NM-CV model, and snake algorithm provided mean values of 0.9692, 0.9693, and 0.9684, respectively. Our method provided the lowest mean MHD value (0.5006), compared with 0.5191, 0.5162, and 0.5227 for the CV model, NM-CV model, and snake algorithm, respectively. Our proposed method also provided the highest sensitivity and accuracy values: 0.9585 and 0.9954, respectively. Regarding specificity, the mean specificity value (0.9981) was slightly lower than the other methods by the cost of increased sensitivity. [Table 2](#table2){ref-type="table"} summarizes the results of the comparison.TABLE 2Results of Comparison of the Four Methods on All Chest CT Images ($\documentclass[12pt]{minimal}
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C.. Discussion on Effect of Prediction Order and Limitations {#sec3c}
------------------------------------------------------------
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This use of higher-order predictions is based on the assumption that the lung contour does not change rapidly in consecutive frames. [Fig. 9](#fig9){ref-type="fig"} shows the distribution of correlation values between consecutive frames of lung images from the clinical database ($\documentclass[12pt]{minimal}
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\end{document}$)-th frame, the correlation median value is slightly lower: 0.9745 for the right lung and 0.9756 for the left lung. However, such second-order or higher predictions may decrease the accuracy of the predicted lung morphology, which may degrade the overall performance in terms of the DSC, MHD, sensitivity, specificity, and accuracy. FIGURE 9.Distribution of correlation values between consecutive frame lung images from the clinical database ($\documentclass[12pt]{minimal}
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To investigate the effect of the order of predictions, we compared the results of first- and second-order predictions ($\documentclass[12pt]{minimal}
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Given the number of juxta-pleural nodule candidates, the elimination of false positives is a critical step. In our method, irregularly shaped nodule candidates were filtered out through the circle/ellipse detection step. However, the detection of irregularly shaped nodules is crucial in not only automatic lung segmentation but also in automatic nodule detection inside the segmented contour: cancerous nodules are more likely to have irregular shapes, rougher surfaces, and color variations or speckled patterns. [Fig. 10](#fig10){ref-type="fig"} shows the juxta-pleural irregular shape nodules in our clinical database. Unfortunately, those were all filtered out during the circle/ellipse detection step. The missing irregular shape nodule is one of the limitations of our proposed method. Thus, further rigorous research is required for the detection of juxta-pleural nodules without incurring the cost of false positives. FIGURE 10.Irregularly shaped juxta-pleural nodules in our clinical database. (a), (b) and (c): The nodules filtered out completely from the circle/ellipse detection step.

Another limitation is that our proposed method cannot identify the nodule if the nodule is first appeared inside the lung parenchyma and becomes adjacent to lung wall in the next slices. This is because the juxta-pleural nodule presents largely beyond our predicted curve range. To resolve the issue, the predicted curve samples $\documentclass[12pt]{minimal}
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\end{document}$ are with relatively low cross-correlation. Thus, further research on the relationship and its solution should be investigated.

To analyze pulmonary disease, the CAD is currently used for the second reader to assist radiologists. In the lung segmentation results from our proposed method, the sensitivity was 95.85% with juxta-plerual nodule detection rate of 96%. In other words, our proposed method results in approximately 5 % false negatives for lung segmentation and 4% missing rate for juxta-pleural nodules. Thus, to be completely used without aid of radiologists, more issues have to be addressed and resolved.

D.. Validation from Other Databases {#sec3d}
-----------------------------------

We validated our proposed method from other databases: the Lung Image Database Consortium (LIDC) and chest low dose CT image database (CLD) from Wonkwang University Hospital (WKUH). For the LIDC database, we selected 5 subject image data of 294, 324, 407, 543 and 973, which included juxta-pleural nodules. They included 800 images in total. Among the images, 45 included juxta-pleural nodules. For the CLD, we collected chest CT DICOM images of 5 anonymous subjects, all of who had juxta-pleural nodules. They included 966 images in total. Among the images, 80 included juxta-pleural nodules. [Table 5](#table5){ref-type="table"} summarized the used data.TABLE 5Image Data Summary From LIDC Database (5 Subjects and 800 Image) and Chest Low Dose CT Images (5 Subjects, 966 Images)The number of subjectsThe number of total imagesThe number of images including juxta-pleural nodulesSlice thicknessTube currentTube voltageLIDC5800451.5\~2mm75\~422mA120kVCLD5966801mm84\~150mA120kVTotal1017661251\~2mm75\~422mA120kV

To evaluate the performance of the methods, "gold standard" lung contours ($\documentclass[12pt]{minimal}
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\end{document}$) were obtained from two trained radiologists. Initially, one trained radiologist drew the contours, and another trained radiologist confirmed them. We used the same parameters previously simulated in the 16,873 images. We compared the results on the CT images including juxta-pleural nodules from LIDC ($\documentclass[12pt]{minimal}
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\end{document}$). [Table 6](#table6){ref-type="table"} and [7](#table7){ref-type="table"} summarize the results from LIDC and CLD databases, respectively. The resultant metrics from LIDC were similar to the results in [Table 1](#table1){ref-type="table"}. our proposed algorithm outperformed the other three existing methods for both LIDC and CLD. In addition, the juxta-pleural detection rates were 100% and 96%, for LIDC and CLD, respectively.TABLE 6Comparison of the Performance of the Four Methods on CT Images That Included Juxta-Pleural Nodule ($\documentclass[12pt]{minimal}
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\end{document}$) From LIDC Database. The DSC, MHD, Sensitivity, Specificity, Accuracy, and Juxta-Pleural Nodule Detection Rate Were Evaluated and ComparedMethodCVNMCVSnakeProposed methodDSCmean0.87670.87680.83500.9769std0.05840.05770.05910.0178MHDmean1.51381.50261.67700.4562std0.75700.74920.84590.3626Sensitivitymean0.78570.78520.72130.9934std0.09420.09300.09860.0131Specificitymean0.99880.99850.99930.9105std0.00320.00310.00440.0754Accuracymean0.84490.84500.80230.9695std0.07540.07450.07420.0193Detection rate (%)24%27%20%100%TABLE 7Comparison of the Performance of the Four Methods on CT Images That Included Juxta-Pleural Nodule ($\documentclass[12pt]{minimal}
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\end{document}$) From CLD Database. The DSC, MHD, sensitivity, Specificity, Accuracy, and Juxta-Pleural Nodule Detection Rate Were Evaluated and Compared. The Mean and Standard Deviation are SummarizedMethodCVNMCVSnakeProposed methodDSCmean0.89410.89560.86440.9579std0.05680.05670.06030.0436MHDmean1.47991.45781.57650.6817std0.93020.92930.94150.4700Sensitivitymean0.81550.81340.76590.9235std0.08970.08950.09130.0767Specificitymean0.99890.99880.99990.9908std0.00210.00190.00060.0473Accuracymean0.86400.86580.83100.9605std0.07540.07530.07740.0473Detection rate (%)25%25%22%96%

Finally, we performed our proposed method on all chest CT images from LIDC ($\documentclass[12pt]{minimal}
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\end{document}$). [Table 8](#table8){ref-type="table"} and [9](#table9){ref-type="table"} summarize the results from LIDC and CLD databases, respectively. The resultant metrics from both LIDC and CLD were also similar to the results in [Table 2](#table2){ref-type="table"}. In both, our proposed algorithm also outperformed the other three existing method.TABLE 8Results of Comparison of the Four Methods on All Chest CT Images ($\documentclass[12pt]{minimal}
\usepackage{amsmath}
\usepackage{wasysym} 
\usepackage{amsfonts} 
\usepackage{amssymb} 
\usepackage{amsbsy}
\usepackage{upgreek}
\usepackage{mathrsfs}
\setlength{\oddsidemargin}{-69pt}
\begin{document}
}{}$N=800$
\end{document}$) From LIDC Database. The DSC, MHD, Sensitivity, Specificity and Accuracy Were Evaluated. The Mean and Standard Deviation are SummarizedMethodCVNMCVSnakeProposed methodDSCmean0.98130.98190.96580.9819std0.08710.08710.08530.0870MHDmean0.31200.26960.72110.3026std0.25790.24510.39520.2445Sensitivitymean0.97430.97440.94310.9751std0.08530.08520.08570.0851Specificitymean0.99960.99950.99940.9993std0.00310.00260.00330.0031Accuracymean0.99750.99760.99370.9977std0.00350.00340.00470.0032TABLE 9Results of Comparison of the Four Methods on All Chest CT Images ($\documentclass[12pt]{minimal}
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\end{document}$) From CLD Database. The DSC, MHD, Sensitivity, Specificity and Accuracy Were Evaluated. The Mean and Standard Deviation are SummarizedMethodCVNMCVSnakeProposed methodDSCmean0.98780.99010.97460.9911std0.02350.02250.03410.0206MHDmean0.30660.24450.67090.2184std0.26540.26430.50090.2074Sensitivitymean0.98280.98700.95240.9914std0.03710.03640.04580.0314Specificitymean1.00000.99920.99980.9989std0.00000.00750.00040.0016Accuracymean0.99740.99780.99500.9983std0.00330.00330.00970.0025

E.. Discussion on Extension Capability {#sec3e}
--------------------------------------

The automatic lung segmentation is particularly challenging because of juxta-pleural nodules. Although many methods have been proposed for the accurate lung segmentation, most lung image segmentation algorithms functioned well only with absent or minimal lung pathologic conditions such as juxta-pleural nodule. Currently, no single segmentation method achieves a globally optimal performance for all cases [@ref47]. For instance, region-based segmentation methods serve as an efficient tool for extracting homogeneous regions such as lungs. However, the methods depend on the magnitude of noise and the precision of the neighborhood criteria; and thus, they suffer from false negatives within the lung region and require demand further post-processing. Recently, the use of prior shape information has gained popularity in medical image segmentation. The methods are either atlas-based or model-based approach to find the lung boundary. Atlas-based approach uses prior shape information of the target organ. The approach consists of a template CT image and the corresponding labels of the thoracic regions. For the segmentation, the template image is registered to the target image. Since the approach is used to align the template to the target image, the accuracy with submillimeter is not provided. The model-based approach similarly uses prior shape information. To better accommodate the shape variabilities, the approach fit either appearance or statistical shapes of lungs to the image. Since it considers both global and local variation of the shape and texture, it is considered effective in handling the abnormal lung segmentation problem. However, similar to atlas-based approach, a representative prior model covering diverse demographics is usually difficult to create. In addition, the performance is limited when the model is not initiated close enough to the actual boundary of the lungs.

In this study, we used the CV model for the global contour, and found the final contour with the juxta-pleural nodule identification based on a Bayesian approach, concave points detection and circle/ellipse Hough transform. Since the CV model method is independent of the rest parts, it can be replaced by other methods such as prior shape methods or region-based methods. Comparing to slice by slice image analysis, the additional Bayesian approach can provide more accurate detection results based on the assumption that the cross-sectional area of the nodule gradually increases and decreases in consecutive axial slices of chest CT scans. Thus, more accurate lung contour segmentation results can be provided by applying to our proposed method framework.

IV.. Conclusions {#sec4}
================

We have proposed a novel lung contour extraction algorithm capable of detecting juxta-pleural nodules. The algorithm is based on the CV model followed by a Bayesian approach to detect juxta-pleural nodule candidates and eliminate false positives through concave points detection and circle/ellipse Hough transform. In the images that included juxta-pleural nodules ($\documentclass[12pt]{minimal}
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}{}$N=314$
\end{document}$), our method exhibited a DSC of 0.9712, MHD of 0.4504, sensitivity of 0.9711, specificity of 0.9637, accuracy of 0.9667, and juxta-pleural nodule detection rate of 96%, which outperformed the CV model, normalized CV model (NM-CV model), and snake algorithm. Furthermore, in all chest CT images ($\documentclass[12pt]{minimal}
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\end{document}$), our method exhibited a DSC of 0.97091, MHD of 0.5006, sensitivity of 0.9585, specificity of 0.9981, and accuracy of 0.9954, which were also superior to the other models. We believe that our proposed method enhances the accuracy of lung segmentation and can assist radiologists in the interpretation of CT images, particularly for lung-related quantitative analysis.
